Abstract -This paper proposes a genetic algorithm to generate trajectories for robotic manipulators. The objective is to minimize the ripple in the trajectory time evolution and to minimize the actuator energy requirements without colliding with any obstacles in the workspace. The article presents the results for several redundant and hyper-redundant manipulators.
Introduction
In the last decade genetic algorithms (GAS) have been applied in a plethora of fields such as in control, parameter and system identification, robotics, planning and scheduling, image processing, pattern recognition, speech recognition. This paper addresses the area of robotics, namely the trajectory planning for mechanical manipulators. Planning a robot trajectory consists in finding a continuos motion that takes the arm from a given starting configuration, without collision with any obstacle, up to a desired end position in the workspace.
Various methods for trajectory planning and collision avoidance schemes based on GAS have been proposed. A possible approach consists in adopting the differential inverse kinematics, using the Jacobian matrix, for generating the manipulator trajectories (Chen and Zalzala, 1997; Davidator 1991) . However, the algorithm must take into account the problem of kinematic singularities that may be hard to tackle. To avoid this problem, other algorithms for the trajectory generation are based on the direct kinematics (Doyle and Jones, 1996; Rana and Zalzala, 19%; Kubota et al. 1997; Wang and Zalzala 1996) . Chen and ZalzaIa (1997) propose a GA method to generate the position and the configuration of a mobile manipulator. The authors study the optimization of the least torque nom, the manipulability, the torque distribution and the obstacle avoidance, through the inverse kinematics scheme. Davidor (1991) also applies GAS to the trajectory generation by searching the inverse kinematics solutions to predefined end-effector robot paths.
Kubota et al. (1997) Rana and " l a (19%) developed a method to plan a near time-optimal, collision-free, motion in the case of multi-arm manipulators. The planning is carried out in the joint space and the path is represented as a string of viapoints connected through cubic splines. Doyle and Jones (19%) propose a path planning scheme that uses a GA to search the manipulator configuration space for the optimum path. The GA generates good path solutions but it is not sufficiently robust.
In this line of thought, this paper proposes a path planning method based on a GA while adopting the direct kinematics and the inverse dynamics. The optimal trajectory is the one that minimizes both the path length, the ripple in the time evolution and the energy requirements, without any collision with the obstacles in the workspace.
Bearing these facts in mind, this paper is organized as follows. Section 2 introduces the problem and the GA-based method for its resolution. Sections 3 , 4 and 5 describe the solution representation, the GA operators used in trajectory planning and the optimization criteria, respectively. Based on this formulation, section 6 presents the results for several simulations involving different robot structures and obstacles in the workspace. Finally, section 7 outlines the main conclusions.
Problem formulation
In the study we consider robotic manipulators that are required to move fiom a initid configuration up to a given final point. In the experiments we consider 2, 3 and 4 link planar manipulators with rotational joints. The arms have identical link lengths and weights, making a total reach distance of 2 m and a total gross weight of 2 kg, and the robot joints are fiee to rotate 360". Therefore, the manipulator workspace is a circle with 2 m radius, that may present obstacles such as rectangles and circles. To test a possible collision between the manipulator and the obstacles, the arm structure is discretized is several points and then these points are checked in order to verify if they are inside any obstacle. In what concerns the trajectory generator, it is adopted a GA scheme to search for a global optimal robot path. The manipulator trajectory consists in a set of strings that represent the joint positions between the initial and final robot configurations.
Representation
The path is encoded, directly, as strings in the joint space to be used by the GA as:
The ith joint variable for a robot intermediatejth position is qv, the chromosome is constituted by n genes (configurations) and each gene if formed by k values, where k is the number of robot links. The value of qjj is represented as a floating-point number, that is initialized in the range F 3 W , +360°]. This range is used to eliminate possible discontinuities that may occur when, for example, one joint angle attempts to pass its limits. It should be noted that the initial configuration has not been encoded into the string because this configuration remains unchanged throughout the search.
For simplicity, the normalized time between two consecutive configurations is considered Ar = 1 sec, without losing generality, because it is always possible to perform a time re-scaling.
Operators in the genetic algorithm
An initial population of strings is constructed by generating random paths between the starting configuration and one final robot position. The search is then carried out among this population. The three different operators used in the genetic planning are reproduction, crossover and mutation, as described in the sequel.
In what concern the reproduction operator, the successive generations of new strings are reproduced on the basis of their fitness function. In this case, it is used a tournament selection (Goldberg 1989) to select the strings fiom the old population, up to the new population.
For the crossover operator, the strings in the new population are grouped together into pairs at random. Single crossover is then performed among pairs. The crossover point is only allowed between genes (i.e. the crossover operator may not disrupt genes).
Finally, for the mutation operator one gene value is replaced with a given probability and follows the equation:
where qv is the i value of j gene at generation t, x is a uniform random number between [-1,1] and k, a parameter.
Evolution criteria
Six criteria have been selected to qualify the evolving manipulator paths. All constraints and criteria are translated into penalty functions to be minimized. Each criterion is computed individually and then, is used in the fitness function evaluation (Pires and Machado 1999) . The fitness function adopted to evaluate the candidate trajectories is defined as: whereq, q , p , p,~,Pandnaparethecriteriadefinedin the sequel. The optimization goal consists in finding a set of design parameters that minimize f according to the priorities given by the values of ai (i = 1,. . .,6).
The joint velocities q are used to minimize the manipulator traveling distance. This criteria is defined as: The Cartesian velocities p is introduced in the fitness function f to minimize the total trajectory length, fiwn the initial point up to the final point. This criteria is defined as:
where pw is the robot w intermediate arm Cartesian position   and d(.,-) is a function that gives the distance be€ween the two arguments.
The artesian acceleration jj in the fitness functions is responsible for reducing the ripple in time evolution of the arm velocities. This criteria is formulated as:
where pw and d ( ; ) are defined as previously.
The end point distance E is a criterion that measures the distance between the desiied end point and the end point reached in the simulation.
A trajectory planning algorithm must minimize the manipulator energy consumption. Two criteria are used independently to evaluate the power consumption P.
One criteria is the average of the absolute mechanical energy E, during the total trajectory time T (Silva and Machado 1999) . It is computed assuming that power regeneration is not available by motors doing negative work, that is, by talking the absolute value of the power. Therefore, the power consumption is calculated by the formula:
Another criteria is the average of the energy El dissipated by the electric motors (e.g. in the winding resistance) of the manipulator, that is captured by the expression:
The points that are not admissible give a conflict measure between the robot and the obstacles. In this perspective, the nap value is evaluated as follows: each manipulator link is divided in p equal parts (p = (4,3,2) for the 2,3 and 4 link manipulators). Therefore, the nap value is a criterion consisting on the sum of the manipulator points that are inside the obstacles.
Simulation results
This section presents the results of several simulations. The experiments consist on moving a robotic arm from the starting point A = (1, 1) up to the final point B = (-0.6697,1.6168). The initial configuration of the 2R robot is (ql,qz) = (0,W). The 3R and 4R robots adopt the (q1,q2.q3,qd = (0' -O", W", O"), respectively, because they have a 'geometric resemblance' that makes easier the result comparison. Moreover, the simulations are divided into two groups: workspace without obstacles and workspace with obstacles.
The algorithm adopts crossover and mutation probabilities of pc = 0.8 and pm = 0.1 respectively, k, = 1.8 configurations (qirq2,q3) = (10.9", 34.1", 34.1O) and and a 100-string population. For the experiment are used string lengths of I = 16 and the selection operator is based on tournament selection with elitism. The 2R and 3R robots are firstly tested in a workspace without obstacles and afterwards with one and two obstacles for aLl power criteria.
. 1 . Workspace without obstacles
The 2R and 3R robots Figs 1-4 and Figs 5-7) are firstly tested for the criteria P, and 01 = (lk, 0.5, 1, 1,20,0.16).
IS. . . . . . The results are satisfactory because the robot approaches the desired position without trajectory 'oscillations' and the time evolution of the variables presents a small ripple.
Workspace with obstacles
This section presents the manipulator trajectories for one and two obstacles in the workspace. The obstacles consist Figure 19 Energy E, versus number of obstacles.
In a second phase we test the power criteria PL. For the 4-R robot, one obstacle and a = ( l k , 0.5, 1, 1,20, 0.OOOl) the results are similar to the previous ones (figures [17] [18] . In Tables 1 and 2 show the values of Ea and El for the experiments with zero and two obstacles when adopting the optimization criteria Pa and PI. In both cases, the GA optimization via the criterion PI leads, in general, to smaller energy requirements. In particular, the reason for Ea being smaller with the PI criterion is that the parameter tuning adopted in the experiments corresponds to a 'weight' (%..PI = weight * typical simulm'on value) that is lightly greater than the 'weight' of Pa in the fitness function. As a drawback, the trajectory reveals a higher ripple and presents a larger distance.
As expected, in a workspace with obstacles, the larger the number of dof the better the robot ability to maneuver and to reach the desired points. On the other hand, for actuator driving electronics with low efficiency (both in the Pa and PI perspectives), the larger the number of dof the higher the total robot energy consumption.
Conclusions
An off-line GA trajectory planner for robots, based on the kinematics and the dynamics was presented. The algorithm is able to reach a determined goal with a reduced ripple both in the space trajectory and the time evolution. Moreover, any obstacles, in the workspace do not represent a difficulty for the algorithm to reach the solution. Since the GA uses the direct kinematics the singularities do not constitute a problem. Furthermore, the algorithm is easily generalized for redundant robots. In what concerns the dynamics, in the article were adopted two indices based on the actuator power consumption, namely the 'absolute' and the 'dissipated' power. In both perspectives, the power consumption is highly dependent on the numbed of dof and, therefore, to take advantage of the robot redundancy, it is required an efficient driving system.
